Bicycling is increasing in many United States communities. Nationwide, the proportion of commuters 1 traveling to work regularly by bicycle grew from 0.45% to 0.55% between 2006 and 2008 (1, 2) . Cities 2 such as Portland, New York, Seattle, and San Francisco documented increases in bicycle counts over this 3 same time period (3,4,5,6). Bicycling is a convenient and economical mode for commuting, small 4 shopping trips, transit access, and recreation. Estimates of bicycle activity are valuable to planners, 5 engineers, designers, public health professions, and others. However, there are very few tools available to 6 estimate the number of bicyclists that pass by specific locations or use particular intersections within an 7 urban area. A predictive model of bicycle volumes can be used to: 8
Quantify bicycle exposure in safety analyses, providing the denominator in the calculation of 9 crash risk; 10
Identify priority locations for bicycle facility improvements or safety measures; and 11
Estimate changes in bicycle volumes that will occur with new developments, roadway changes, 12
or new transit projects. 13 14 STUDY PURPOSE 15
The purpose of this study is to present several preliminary models that can be used to estimate bicycle 16 intersection volumes. A simple model structure, loglinear regression, was chosen so that the models 17 would be easy to apply using geographic information systems (GIS) and simple spreadsheet software. 18 Since the analysis was conducted in one urban area (Alameda County, California), more research is 19
needed to refine the model equations and determine the applicability of the results for other communities. 20
These models are designed for planning purposes to help identify built environment characteristics 21 associated with higher and lower levels of bicycling and show general differences in bicycle volumes at 22 intersections throughout a city or region. This section describes the study area, the bicycle count collection, and the development of the explanatory 10 variables. The model is based on bicycle counts taken at 81 intersections along arterial and collector 11 streets in Alameda County, California ( Figure 1 ). 12 13
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Paper revised from original submittal. Each bicycle was logged according to the movement that was made at the intersection-straight, 3 right turn, or left turn from one of the four intersection legs-which made a total of 12 possible 4 movements. Bicycles being ridden either on the street or on the sidewalk were included, but bicycles 5 being walked were logged as pedestrians. The counts for each movement were summed together to find 6 the total bicycle volume for the intersection. Counts were conducted for two 2-hour periods at each 7 intersection. One was taken on a Tuesday, Wednesday, or Thursday, and one was taken on a Saturday. 8
The time of day for the counts varied depending on data collector scheduling. Counts were taken during 9 12 p.m. The data analysis process for the model estimation included three steps: (a) explanatory variables were 18 screened to eliminate those weakly correlated to the dependent variable; (b) the remaining variables were 19 screened for collinearity to avoid including strongly correlated variables in the same model; and (c) four 20 alternative model structures were chosen for strong goodness-of-fit and significant coefficients. 21 22
Regression Modeling 23
Loglinear ordinary least squares (OLS) regression was used to estimate a model of bicycle intersection 24 volume. In loglinear regression, the dependent variable is transformed using the natural logarithm. This 25 is an appropriate method for modeling count data because when the natural log predictions are 26 transformed back to counts using the exponential, there are no negative values. A negative binomial form 27 of the regression model was also tested during the analysis process, and the model coefficients were 28 similar. The loglinear form was selected because it is easy to apply using spreadsheet software and 29 because it is easier to interpret the model goodness-of-fit and independent variable coefficients. One 30 intersection had a count of zero bicyclists. This count was changed to 0.1 to allow the log to be 31 computed. Several additional factors used in previous studies were also included, bringing the total to more than 70 3 variables considered in the analysis. Network distance to UC Berkeley Campus and Oakland City Center 4 were included to account for two of the major trip attractors in the county. Connected node ratio was 5 calculated using GIS. This measure represented the ratio of three-and four-way intersections to dead-end 6 streets in the area around each study intersection. Areas with lower connected node ratios had higher 7
proportions of dead ends. The new variables and any existing variables that were used in the final 8 bicycle volume models are described in Table 3 . Descriptions of the other variables considered for the 9 analysis can be found in Schneider, Arnold, and Ragland (21) and Schneider et al. (22) . 10
It was necessary to narrow down the number of independent variables to avoid overfitting the 11 model. Models with nearly as many independent variables as the number of observations they are based 12 on predict volumes poorly. First, correlation coefficients were estimated between each explanatory 13 variable and the bicycle counts. Those variables with weak correlation (ρ < 0.2) were eliminated from the 14 analysis. Next, the remaining independent variables were screened for collinearity; pairs of variables with 15 moderate to strong correlation (ρ > 0.3) were not included in the same model. 16 17 Several options were considered during the model specification process. The models discussed are shown 26
in Table 4 . While the adjusted R-square values varied among the models, the F-statistics showed that all 27 models were significant. Model A was the best fit model specification based on all counts (N = 162, F 28 =33.9). Number of retail commercial properties within 1/10 mile and presence of on-street bicycle 29 facilities both had positive coefficients in this model, indicating that retail activity and bicycle facilities 30 TRB 2011 Annual Meeting
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were associated with higher levels of bicycle activity at the 81 study intersections. The average slope 1 within 1/2 mile of each study intersection had a negative coefficient, indicating that cyclists tended to 2 avoid hilly terrain. These results are consistent with previous research. 3
The natural log of the distance to the UC Berkeley Campus had a negative coefficient, indicating 4 that the further the intersection was located from the campus, the less likely it was to have a high bicycle 5 volume. The high numbers of bicycles counted at intersections near campus were not surprising since UC 6
Berkeley is the largest employer in Alameda County, the largest university in the Bay Area, and has 7 limited space for on-campus automobile parking. The natural log form of the variable was used because 8 beyond a certain distance the likelihood of bicycling to campus drops dramatically. This variable may 9 also be a proxy for general urban, bicycle-friendliness. Berkeley has a well-connected bicycle boulevard 10 system, and Oakland has more than 80 miles of bicycle lanes and routes (23,24 Model A is problematic because the sample includes two counts from each intersection (one from a 28 weekday and one from a weekend time period). Datasets contain unobserved heterogeneity when 29 multiple observations are considered for the same location, and as a result, the standard errors are 30 evaluated incorrectly, which could lead to some variables being seen as more significant than they are. A 31 first approach to avoid this problem was to estimate Model A with a dummy variable representing 32 weekday versus weekend counts, but it was not statistically significant. Therefore, a second approach 33 was used. Separate models were estimated for the weekday (Model B) and weekend (Model C) counts. 34
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As Table 4 shows, the weekday model (Model B) has the highest adjusted R-square (0.6) of the models 1 presented. The coefficients of Model B are similar to Model A, but the coefficient for the bicycle 2 markings is only significant at 90 percent. The weekend model (Model C), on the other hand, has a lower 3 adjusted R-square than Models A or B. While presence of bicycle markings is highly significant with a 4 larger coefficient, number of commercial properties is less significant with a smaller coefficient than in 5 the previous models. This result may have occurred because recreational bicycle trips are more common 6 on weekends, so the proximity of retail establishments may be less important for attracting weekend 7 bicycle activity. Bicycle markings could have a greater influence on weekends because bicyclists may 8 have more flexibility to seek routes with bicycle facilities or because less experienced riders who tend to 9 prefer marked bicycle facilities are more likely to ride on weekends. Model C also has smaller 10 coefficients for the UC Berkeley variable and the slope variable. This is consistent with the expectation 11 that fewer people would see the campus as a destination on the weekend and recreational riders might 12 seek out hilly terrain. When working with the loglinear form of a regression model, it is important to understand how to 35 interpret the coefficients correctly. They can be interpreted as the fractional increase in the bicycle 36 volume when the explanatory variable increases by 1 unit. Unlike OLS regression, the relationship 37 between coefficients, explanatory variables, and the predictions is nonlinear. 
CONSIDERATIONS FOR FUTURE RESEARCH 1
The models presented in this paper are preliminary and are not intended to be a final product. They 2 represent a first attempt at modeling bicycle volumes in one county in Northern California. Bicycle 3 activity in other communities is not expected to have an identical relationship to the built environment. 4
Additional models in other states and countries are needed to provide a more complete picture of how 5 surrounding land use, transportation system, and socioeconomic characteristics are related to bicycle 6 volumes at specific locations. One of the next steps for refining the Alameda County models is to collect 7 counts at additional locations and conduct model validation. 8
Ideally, the models would have been estimated using count data that was collected during the 9 same time-of-day at each location. In this case, however, counts were taken during different times of the 10 day on weekdays and Saturdays. In theory, the number of bicyclists passing through an intersection 11 between 12 p.m. and 2 p.m. on a given day is likely to be different than the number of bicyclists passing 12 through between 4 p.m. and 6 p.m. To account for these time-of-day differences, dummy variables 13 indicating the count time period were included in several versions of the models. However, the 14 coefficients of these variables were highly insignificant, indicating that controlling for time of day 15 provided little additional value for predicting bicycle volumes at the sample of 81 intersections. 16 Therefore, the time-of-day variables were not included in the models. Prior research on pedestrian 17 volumes in Alameda County dealt with this issue by using several months of automated pedestrian 18 counter data from several locations to extrapolate two-hour counts to weekly counts (21). Unfortunately, 19 since automated bicycle counters must be installed in a roadway, it is more difficult to collect counts from 20 a variety of locations or to capture both directions of a roadway. The available automated bicycle count 21 data from two locations in Alameda County could not be used for extrapolation without making gross 22 assumptions. 23
Weather effects were not incorporated into the final bicycle volume models. Dummy variables 24 indicating extreme temperatures and cloud cover proved highly insignificant in all model specifications. 25 This is likely due to the lack of variation in weather during the bicycle count periods. The count data 26 were collected in the spring months, and counts were rescheduled if it was raining. Alameda County has 27 a temperate climate, and there were only two counts on days where the temperature was greater than 90° 28 F (32° C) or less than 50° F (10° C). Weather is expected to show a greater effect on bicycle activity in 29 areas where the climate varies more. 30
Previous studies have found a significant relationship between the socioeconomic characteristics 31 of individuals and neighborhoods and likelihood of bicycling (14, 17, 25) . In Alameda County, there was a 32 moderate correlation (0.3 < | ρ | < 0.5) between the bicycle counts and socioeconomic variables such as 33 surrounding neighborhood income (positive), percentage of rental housing (positive), and percentage of 34 residents under age 18 (negative). However, these variables were less significant than the built 35 environment variables in the final models, so they were not included. 36
In Alameda County, most retail and employment attractors are in the flatter areas, although the 37 hills are popular with recreational riders. A different set of study intersections could have included more 38 counts along popular recreational routes in the hills. This would likely have produced different model 39 results, particularly for the slope and proximity to retail variables. However, the 81 intersections were 40 selected to ensure representation from areas with different surrounding land uses, transportation 41 infrastructure, and neighborhood socioeconomic characteristics. Intersections were not chosen with the 42 specific intention to capture high bicycle volumes or popular bicycle routes. 43
The bicycle count dataset included only one zero-count occurrence. As mentioned above, this 44 value was changed to 0.1 so that the natural log could be computed. Since the motivation behind these 45 models is to provide reasonable estimates for planning purposes, rather than absolute accuracy, it is 46 acceptable to assume that a prediction of 0.1 represents no bicycle activity. This approach was expected 47
to have little effect on the models because it only applied to one count in the sample. Study areas with 48 less bicycle activity and multiple zero-count intersections would require a different model structure. 49
The independent variables included in the final models show statistically significant associations 50 between specific land use and transportation infrastructure characteristics and bicycle volumes. However, 51
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they do not necessarily imply a causal relationship between any of the independent variables and levels of 1 bicycling. For example, adding a bicycle facility to an intersection approach may make the roadway a 2 more attractive place to ride, which could increase the bicycle volume at the intersection. However, 3 communities often add bicycle facilities to roadways that already have high bicycle volumes in order to 4 make conditions more comfortable for existing bicyclists. In this case, a high intersection bicycle volume 5 would precede the bicycle facility. Accordingly, these models are not intended to predict the change in 6 bicycle volume after installation of a bicycle facility. Instrumental variable methods could improve the 7 models by accounting for the potential endogeneity of the bicycle facility variable. 8 9 CONCLUSION 10
The preliminary models presented in this paper are simple tools that can be used to estimate bicycle 11 intersection counts during specific time periods. The analyses performed here contribute to the body of 12 research on relationships between the built environment and bicycle activity. In particular, the models 13
showed that bicycle volumes tended to be higher at intersections: 14
Surrounded by more commercial retail properties within 1/10 mile of the intersection 15
Closer to a major university 16 With a marked bicycle facility on at least one leg of the intersection 17
Surrounded by flatter terrain within 1/2 mile of the intersection 18
Surrounded by a more connected roadway network 19
In addition, the models showed several important differences between weekday and weekend intersection 20 bicycle volumes. The models showed that: 21
The positive influence of commercial retail establishments on bicycle volumes tended to be 22 greater on weekdays than on weekends 23
The positive influence of proximity to UC Berkeley tended to be greater on weekdays than on 24 weekends 25
The positive influence of bicycle facilities on bicycle volumes tended to be greater on weekends 26 than on weekdays 27
The negative influence of hilly terrain tended to be smaller on weekends than on weekdays 28
Further refinement and testing in other study areas is necessary to improve count predictions in 29
Alameda 
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